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Abstract 
Metals prices fluctuation is crucial for manufacture's strategic 
plans and commodity-related investments. Good volatility mod-
els play a key role in capturing the movement and thus fore-
casting the metals prices. This thesis examines the issues in 
modelling the conditional variance of metals prices returns. We 
compare a set of different standard GARCH models with Regime 
Switching GARCH (MRS-GARCH) in terms of their ability to 
forecast the metals prices of aluminium and copper over 1993 
through 2009. A high correlation between the metals prices 
and economic environment is observed. Conventional GARCH 
models have shortcomings when there are regime shifts in the 
volatility process causing upward biased estimates in the degree 
i 
of volatility persistence. Under the regime switching framework, 
all parameters are allowed to switch between a low and a high 
volatility regime to take account of the abrupt changes in the 
volatility. The results show clear evidence of distinctive regimes 
in conditional means and volatilities. The forecasting perfor-
mances of the competing models are evaluated with statistical 
loss function. Under statistical losses, we conduct the Diebold-
Mariano equal predictive ability test. The empirical analysis 
demonstrates that MRS-GARCH models outperform standard 
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The fluctuation of metal prices plays a crucial role in companies' 
strategic plans and commodity-related investments. Companies 
dealing with metals either as input or as output are exposed to 
risks in the fluctuation of their prices. Unexpected prices fluctu-
ations will negatively affect the profit margin of manufacturers. 
The ability to better forecast the price of a wide range of com-
modities such as metals hence important. 
The price movement of industrial metals is related to eco-
nomic environment. As shown in Figure 1.1, the correlation 
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Figure 1.1: Metal Prices over the Business Cycle 
(Annual percent change; prices deflated by Consumer Price Index) 
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between the annual change of the real metals prices and the 
annual world growth is quite high. Almost all periods of big up-
ward movement in the metals prices also come with the period 
of positive world growth. 
Taking the recent price upswing starting from 2002 (Figure 
1.1 and 1.2) as an example, the rapidly growing emerging mar-
kets, especially China, are key drivers of price dynamics in the 
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Figure 1.2: Industrial Metals Spot Price Evolution 
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metals markets. Emerging markets' rapid industrial growth, con-
struction activity, and infrastructure needs sustain the growth 
of demand for metals. This has led to a surge in the prices 
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of aluminum, copper, lead, nickel, zinc, and other widely used 
metals, and the world has entered a period of sustained high 
prices (see Barclays Capital, 2006). Given firm demand driven 
by high global growth and rapid industrialization in developing 
Asia, overall tight market conditions appeared to provide sup-
port for metal prices. 
Figure 1.3: S&P GSCI Base Metals Spot Price Index 
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After surging to the record high in spring 2008, metals price 
fell rapidly from the second half of 2008 because of global finan-
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cial crisis. The decline in metals price over the financial crisis 
period is unprecedented both in scale and pace. That reflects 
an earthshaking change in global economic growth expectation. 
The Standard & Poor Goldman Sachs Commodity Index (S&P 
GSCI) Base Metals price index fell around 60% in five months 
(Figure 1.3). Such plunge reflected what happens when a market 
has to deal with a complete reshaping of the economic landscape. 
In such a short period, the market switched to a slowdown in 
global GDP growth then recession. Prices have fallen under an 
extreme contraction in liquidity and a rapid lowering of global 
growth expectations. The global financial crisis exerted a nega-
tive impact on various industries that utilize metals as their input 
thus in turn led to a lower demand for metals which caused the 
rapid decrease in their prices. Evidence of such cyclicity is also 
provided by Labys, Lesourd, and Badillo (1998). 
Early empirical studies that attempted to capture observed 
price behaviour met with only limited success, while more recent 
5 
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Studies incorporating generalized autoregressive conditional het-
eroskedasticity (GARCH) effects have shown promise. Instead 
of incorporating GDP in the regression models, we focus on the 
time series properties. A common finding in the time series is the 
apparent persistence of volatility implied by the estimates for the 
conditional variance functions. Lamoureux and Lastrapes (1990) 
pointed out that one of the potential sources of high volatility 
persistent is the structural changes on the properties of the time 
series caused by sudden dramatic economic events. As suggested 
by many literatures, the regime switching GARCH models al-
lowing for regime shifts in the process to take account of the 
different behavior during changes of economic fundamentals is 
considered. The Markov regime switching models incorporating 
GARCH features can better capture volatility clustering, fat tail 
and asymmetry in time series data. 
The regime switching GARCH model is not new to the com-
modity fields. Different from previous works, we will focus on 
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the comparison of industrial metals spot prices forecasting abil-
ities provided by different single regime GARCH models and 
the regime switching GARCH models. We compared the per-
formance of single regime GARCH with Gaussian error distri-
bution, GARCH with student's t error distribution, Exponen-
tial GARCH, GARCH-in-mean models and the Markov Regime 
Switching GARCH model. The empirical study conducted is 
based on the data of aluminium and copper spot prices from 
1993 to 2009. The forecasting performances of the competing 
models are evaluated for different periods (from one year to five 
years) and with statistical loss functions as well as the equal 
predictive ability test. 
This thesis shows two main empirical results. First, confirmed 
the regime switching GARCH resolves the problem that standard 
GARCH forecasts are significantly too high in volatile periods. 
Second, the regime switching GARCH forecasts significantly out-
perform standard GARCH forecasts in terms of mean squared 
7 
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error and mean absolute error. 
The thesis is organized as follows: in Chapter 2，the related 
studies in the literature are reviewed. In Chapter 3, the model to 
be considered in this thesis are presented. Chapter 4 presents the 
data and some preliminary tests on the data. The parameters 
estimation and the forecasting performance of different models 
are given in Chapter 5,. Chapter 6 concludes the dissertation. 




Over the past few decades, there has been a wealth of theoretical 
and empirical research in the development of empirical models to 
analyze the properties of volatility and price in metal spots and 
futures markets. The central issues revolve around the empirical 
models for metal prices including time-varying trends, volatili-
ties, and mean reversion. The volatility of returns is indeed a 
central parameter for decisions including the pricing and hedging 
of products and risk management. 
The most popular approach for modelling volatility emerged 
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in the empirical literature are based on the observation that 
the time-varying and clustering nature of the volatility. Since 
the introduction of autoregressive conditional heteroskedastic-
ity (ARCH) models by Engle (1982) and its extended version of 
Generalized ARCH (GARCH) by Bollerslev (1986)，these type 
of models have been proven to be the useful tools for empirically 
capturing these stylized facts. In ARCH models, conditional 
volatility in current period is formulated as the sum of a con-
stant and the squared errors in the previous p periods. While 
in GARCH, it allows for richer dynamics by adding conditional 
variance in the previous q periods. 
There are many extensions and modifications of GARCH type 
models in the literature. Time series of the returns generally 
present fat tails, also known as excess kurtosis, or leptokurtosis. 
The probability of having extreme events (very high or very low 
returns) is higher than it would be in the Gaussian case. For 
that reason, studerit-t distribution (Engle and Bollerslev 1986) 
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and generalized error distribution (Nelson 1991) were proposed 
to capture the excess kurtosis feature. In addition, another styl-
ized fact is asymmetry which is the empirically observed fact 
that negative shocks at time t 一 1 have a stronger impact in the 
variance at time t than positive shocks. To capture this asym-
metry, the exponential GARCH (EGARCH) model of Nelson 
(1991), the GJR-GARCH model of Glosten, Jagannathan, and 
Runkle (1993) and Threshold GARCH model of Zakoian (1994) 
were introduced. The GARCH-in-mean (GARCH-M) model en-
riches the conditional mean equation by including a conditional 
variance arises from the considerations of attitudes towards risk. 
All these GARCH models are popular because of their simplic-
ity, ease of estimation and empirical success in modelling time-
varying volatility in a variety of contexts. 
Although the success of GARCH models in modelling many 
features of volatility, they are not problem-free. GARCH mod-
els tend to imply a high degree of volatility persistence to the 
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conditional volatility. This means that the shocks to the con-
ditional variance which occurred in the distant past continue to 
have effects currently. Lamoureux and Lastrapes (1990) show 
that high persistence in volatility may be the result of structural 
changes in the variance process since the structural form of con-
ditional means and variance are relatively inflexible and are held 
fixed throughout the entire sample period. They demonstrate 
this point by introducing deterministic shifts in the variance and 
find that this leads to a reduction in the degree of volatility per-
sistence compared to that implied by the plain GARCH models. 
This suggests that a more general class of GARCH models that 
allows for regime shifts in the data generating process is required. 
Moreover, conditional distribution of financial returns differs be-
tween recession and expansion periods (Perez-Quiros and Tim-
mermann 2000). Also Timmermann (2000) explains that if the 
variance is high but constant for some time and low but constant 
again, persistence of such high and low homoskedastic periods al-
12 
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ready results in volatility persistence. This cannot be captured 
by GARCH models which put all volatility persistence in the 
persistence of individual shocks thus causing upward bias in the 
assessment of conditional volatility persistence. 
The introduction of shift into the variance process represents 
one possibility to allow for periods with different variances. The 
most promising approach to model this nonlinearity through 
a Markov Regime Switching model which was introduced by 
Hamilton (1989) to study switches between expansions and re-
cessions in the U.S. business cycle. The model relies on different 
coefficients for each regime to account for the possibility that the 
economic mechanism generating the asset returns may undergo 
a finite number of changes. 
Following this idea, Cai (1994) and Hamilton and Siismel 
(1994) independently introduced Markov Regime Switching ARCH 
(SWARCH) model which combines Markov regime switching 
model of Hamilton (1989, 1990) with ARCH specification. Gray 
13 
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(1996) introduced a more general regime switching model that 
allows for GARCH dynamics. There are several common fea-
tures in these models. Firstly, the conditional volatility process 
is allowed to switch stochastically between a finite number of 
regimes. Second, the transition probability and thus the tim-
ing of regime switch are assumed to be governed by a first-order 
Markov process. The transition probabilities may be constant 
or time-varying. 
One of the difficulties on using regime switching type models 
is its path dependence nature. Cai (1994) and Hamilton and 
Susmel (1994) used ARCH specification to avoid infinite path 
dependence problem associated with Markov Regime Switching 
GARCH (MRS-GARCH) model. Hamilton and Susmel (1994) 
used weekly returns on New York Stock Exchange Index to test 
their SWARCH model with two to four regimes. They suggest 
that the SWARCH specification has a better fit to the data and 
provides a better volatility forecast. It also reduces volatility 
14 
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persistence comparing with single regime Gaussian or Student's 
t GARCH models. 
Gray (1996)'s extension from ARCH to GARCH is made pos-
sible by developing a new recombining method that solves the 
path dependence problem. This algorithm integrates conditional 
variances in different regimes into a single conditional variance. 
This makes MRS-GARCH model path independent and allow 
for constructing a tractable likelihood function. In addition, 
the MRS-GARCH model with time varying transition proba-
bilities is proposed in the same study. Gray (1996) concludes 
that the MRS-GARCH model outperforms single regime models 
in forecasting performance and reduces the persistence in volatil-
ity more than SWARCH model of Cai (1994) and Hamilton and 
Susmel (1994). 
Klaassen (2002) modified Gray's MRS-GARCH model. He 
developed a model with more flexibility regarding volatility per-
sistence. That is not all shocks have to be highly persistent. His 
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specification shares similar attractive features of Gray's (1996) 
version of MRS-GARCH, such as the recursiveness of the likeli-
hood function. However, his model makes better use of the con-
ditioning information to integrate out the regimes which trans-
lates into a better fit. Moreover, his model gives straightforward 
expressions for multi-step-ahead volatility forecasts that can be 
calculated recursively similar to standard GARCH models. Thus 
it is more convenient that Gray's. 
Markov regime switching models have been shown to prop-
erly capture the dynamics of several financial assets return series 
which occasionally exhibit periodical breaks in their behavior as-
sociated with events such as financial crises or abrupt changes in 
the policy. Many financial assets present an apparent tendency 
to behave quite differently during economic downturns due to the 
sudden changes in fundamentals (Ang and Bekaert 2002a, Gar-
cia, Luger, and Renault 2003, Dai, Singleton, and Yang 2007). 
Moreover, Markov regime switching models incorporating other 
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features can better capture volatility clustering, fat tail, asym-
metry and autocorrelation in financial data. Thus these models 
have been widely used in a variety of contexts: to model stock 
markets (Hamilton and Susmel 1994, Ang and Bekaert 2002a, 
Marcucci 2005), exchange rates (Bollen, Gray, and Whaley 2000, 
Dewachter 2001, Klaassen 2002), interest rates (Gray 1996, Ang 
and Bekaert 2002b, Smith 2002) and commodity prices (Fong 
and See 2001, Fong and See 2002, Chen and Forsyth 2009, Chan 
and Young 2009). 
Fong and See (2001) proposed a general econometric model 
that allows regime shifts in volatility, transition probabilities 
which vary explicitly with the basis (percentage difference be-
tween contemporaneous futures and spot price), GARCH dy-
namics, seasonal variations and conditional leptokurtosis. Their 
results provide clear evidence of regime shift in conditional mean 
and volatility. Moreover, he compared regime switching GARCH 
model with Gaussian innovations, regime switching ARCH model 
17 
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with Gaussian innovations and regime switching ARCH model 
with Studerit-t innovations in terms of their ability to forecast 
Goldman Sachs Commodity Index volatility over the period of 
1995 through 1997. The regime switching model outperforms 
single regime standard GARCH models in forecasting the daily 
volatility. Chan and Young (2009) specify a regime switching 
GARCH-jump Model that allows for switching across separate 
regimes, with possibility of different jump sizes and frequencies 
under each regime, along with a regime-specific GARCH process 
for the conditional variance. They tested the daily copper fu-
tures prices over the period of 1980 through 2007 and found two 
distinct regimes. Although diagnostic tests are mixed for the 
jump size to be a function of interest or exchange rates, the fore-
cast results show that the regime switching GARCH jump model 
generally superior to the plain GARCH and GARCH-jump mod-
els. 
18 
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This chapter presents the financial econometric models to be 
assessed in the research for their ability to forecast the metal 
spot price. 
3.1 Single Regime GARCH Models 
In general, GARCH model is an extension of the autoregressive 
conditional heteroskedasticity (ARCH) model of Engle (1982). 
a r c h models are designed to capture volatility clustering and 
correlation. In ARCH model, conditional variance at time t de-
20 
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pends on the past squared errors. 
Let Yt be the spot price at time t. The continuously com-
pounded rate of return from period t - 1 to t is defined by 
r, = ln(Yt)-ln{Yt-i). 
Assume the conditional mean equation as 
n 二 M + q , � 
(3.1.1) 
et = V^tet, e z | ^ V i � ^ , l ) 
where Qt-i denotes the cr-algebra generated by all available in-
formation up to time t — fi = Et-i[rt] and ht =尽 -1[动 are 
the conditional expectation and variance of n conditioning on 
Qf—1 respectively, and D denotes a distribution. 
Under ARCH {q) process, ht is specified as 
q 
ht = 0:0 + J J (3.1.2) 
i=l 
To guarantee conditional variance is positive, it requires the 
ao > 0 and ai > 0. The unconditional variance of returns for 
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A R C H � process can be computed as 
a" 二 二 (3.1.3) 
1一 5 > 2 
i=l 
3.1.1 GARCH (1,1) Model 
GARCH model is an extension of the ARCH model by adding 
past conditional variances into the ARCH specification in Equa-
tion (3.1.2). The standard GARCH(p,g) model is specified as: 
q p 
ht = a � + -^^Piht-i (3.1.4) 
i=l 
Many papers that focus on GARCH modelling suggested that 
the use of p = q = 1 specification is quite successful in mod-
elling most of the financial returns volatility. In the literature, 
GARCH(1, 1) is found good enough to describe a large number 
of financial returns^. 
iBollerslev, Chou and Kroner (1992). 
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In GARCH (1,1) model, ht is formulated as: 
力二 ao + 1 + Piht- i (3.1.5) 
Two hypotheses on the distribution D are considered - normal 
distribution and Student's t distribution. Use GARCH-N (1,1) 
and GARCH-t (1,1) to denote the corresponding GARCH with 
D of normal distribution and Student-t distribution respectively. 
It is worth to note that the degree of freedom of the Student-t 
distribution is an unknown and has to be estimated from the 
data. The empirical literature has documented that the useful-
ness of the Student's t distribution when dealing with the fat 
tails of the conditional errors (Bollerslev 1987). 
To ensure positive conditional variance, it requires ao > 0， 
> 0 and > 0 . Bollerslev (1986) proposed that the inequal-
ity + < 1 must be satisfied for the stationary covariance 
process of returns. In such a case, unconditional variance of 
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returns can be shown as follows: 
� “ (3.1.6) 
1 — ai — Pi 
The parameter estimates a i arid Pi reveal some information 
on the volatility process. The larger f3i indicate that shocks 
to the conditional variance take a longer time to die out, so 
volatility is persistent. Large error coefficient a i means that 
volatility reacts quite intensely to market movements, and so if 
a i is relatively high and is relatively low then volatilities tend 
to be more spiky. 
3.1.2 EGARCH (1, 1) Model 
The main problem of standard GARCH model is that positive 
and negative shocks have the same effect on volatility. How-
ever, the impacts of positive and negative shocks on the volatil-
ity may be asymmetric (Black, 1976). A stylized fact of finan-
cial volatility is that bad news (negative shocks) tends to have 
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a large impact on volatility than good news (positive shocks). 
Nelson (1991) proposed the exponential GARCH (EGARCH) 
model that the conditional variance is modelled in logarithmic 
form. The ht in EGARCH (1,1) model is defined as: 
hi{ht) 二 ao + 丨 二 … + ln(/i,_i) (3.1.7) 
v ^ t - l 
where 7 is introduced to address the asymmetric effect giving by 
different news. When there is good news or £t-i is positive, the 
total effect on conditional variance is (1 + 7)k i - i | ; in contrast, 
when there is bad news or St-i is negative, the total effect on 
conditional variance is (1 — 7 ) h - 1 | . Thus bad news can have 
a larger impact on volatility. Since it allows asymmetric news 
impact, it is also referred as asymmetric GARCH model. 
3.1.3 GARCH-M (1, 1) Model 
In financial investment, high risk is often expected to lead to high 
returns. Thus the current conditional variance of a series may 
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affect its mean. Engle, Lilien and Robins (1987) proposed to 
extend the basic GARCH model so that the conditional volatil-
ity can generate a risk premium which is part of the expected 
returns. This extended GARCH model is often referred to as 
GARCH-in-mean (GARCH-M) model. The model that incorpo-
rates the above feature by including ht in the mean equation: 
n 二 + + 
(3.1.8) 
hi 二 ao + + Pih-i 
3.2 Markov Regime Switching GARCH Model 
The main feature of regime switching models is the possibility for 
some, or all, the parameters to switch their values across different 
regimes (or states of the world) according to a Markov process, 
governed by a state variable, denoted by St. For a 2-state regime 
switching case, there can be a low-volatility regime and a high-
volatility regime which representing different economic environ-
26 
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merits. Usually when the economic environment is stable, the 
process is within the low-volatility regime. If the economic envi-
ronment suddenly becomes unstable during the financial crisis, 
the process switched to the high-volatility regime. The current 
value of the state variable is drawn from one of the regimes with 
different characteristics according to the possibility. 
The state variable is assumed to evolve according to a first-
order Markov chain, with the transition probability of 
Pr {st = j\st-i = i) = Pij (3.2.1) 
which indicates the probability of switching from state i at time 
t - 1 to state j at t. Usually these probabilities are grouped 
together in the transition matrix P which is given by 
— • 
Pn P21 ••• PKI 
P = 代 2 P22 ••• Vk2 (3.2.2) 
• • • 
• • • • • • • • • 
PlK P2K • • • PKK _ — 
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Without loss of generality, we apply the two regimes MRS-
GARCH model in the following discussion. The Markov regime 
switching GARCH (MRS-GARCH) model with two regimes is 
represented as follows 
n = + St 
二 + (3.2.3) 
Kst = + + PuJm-I 
where s, 二 1 or 2. fit,st and ht^ st are the conditional mean 
E[rt\Qt-i] and conditional variance Var{rt\^t-i) respectively. 
Both are allowed to switch between the two regimes. The nec-
essary conditions to ensure positivity of conditional variance in 
each regime are similar to that in single regime GARCH (1,1) 
model, et is a zero mean, unit variance process which is the 
standard normal distribution in this thesis. 
The regime variable St is governed by a first order Markov 
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Chain with constant transition probabilities given by 
— 1 � — 
p= Pu P. = P (1 — ") (3.2.4) 
Pi2 P22 (1 - p ) q 
鍾 」 L J 
The conditional distribution of return series n becomes a mix-
ture of distributions which can be written as 
( 
f{rt\st = with probability pi^t 
I f{rt\st = 2, Ut-i) with probability P2,t 二 1 一 P u 
(3.2.5) 
where f{ r t \ s t , ^ t - i ) denotes the assumed conditional distribu-
tions for rt. If conditional normality is assumed for each regime, 
then f{rt\st,nt-i) = N(jM�st,hs). Pi,t = = is the 
ex-ante probability, the probability that the process is in regime 
i at time t, conditional on available information Qt-i- It can be 
shown that 
Pi,t = Piisi, 二 = f p j i ：/丨 t 1 二 1 ^  
(3.2.6) 
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where pji is the transition probability in (3.2.4) and /(•) is de-
fined in (3.2.5). 
Both Cai (1994) and Hamilton and Susmel (1994) limited 
their estimation to the Markov regime switching ARCH (SWARCH) 
model. The reason of this limitation is that there is an infinite 
path dependence problem inherent in regime switching GARCH 
models. The GARCH model with regime switching feature, the 
conditional variance at time t depends on the conditional vari-
ance at time t - 1 and regime variable at time t (i.e., {st)) while 
the conditional variance at time t - I depends on the condi-
tional variance at time t - 2 and regime variable at time t — 1 
(i.e., and so on. Therefore, the conditional variance at 
time t depends on the entire history of regimes up to time t. 
Both Cai (1994) and Hamilton and Susmel (1994) stated that 
path dependence nature of MRS-GARCH model makes estima-
tion infeasible and impossible for large sample size. For example, 
in a MRS-GARCH model with M-state of regimes, the number 
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of paths enlarges by a factor of M in each period and integrating 
all possible paths is required to construct the likelihood function. 
For the 力"'observation, there are M^ components of likelihood 
function and this makes estimation intractable for large sample 
sizes. 
In order to solve the problem of path dependence in MRS-
GARCH model, Gray (1996) proposed to use conditional expec-
tation of the lagged conditional variance Et-2[ht-i] instead of 
lagged conditional variance ht-i in the equation of ht,st in Equa-
tion (3.2.3). Thus, dependence on the entire regime can be 'in-
tegrated out' by summing over all possible regimes to construct 
the conditional variance. This approach preserves the natural 
essential of the GARCH process and allows tractable estimation 
of model. Gray's approach recombines i ’ s 卜 a n d 
into h t -u and recombines et-i,st-i=i and 1’6•�i�2 into St-i by 
taking conditional expectations of ht—i and et-i based on the 
ex-ante probabilities. 
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Klaassen (2002) introduced modification of Gray's MRS-GARCH 
model. Different from Gray (1996), he suggests using the condi-
tional expected value Et-i[ht-i\st] instead of Et-2[ht-i] to substi-
tute for ht-i . The setting of Klaassen for conditional expectation 
of the lagged conditional variance contains broader information 
than that of Gray. The specification of Klaassen for conditional 
variance can be given as 
ht,st = o:o,st + + ^hstEt-i[ht-i\st] (3.2.7) 
where 
Et-i[ht-i\st_ 
=Et-i[ht-i\st = i. 
2 r 2 r 
(3.2.8) 
and the probabilities p j ^ - i in Equation (3.2.8) are computed as 
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follows 
Pji,t-i = 二 j\st 二 i, ^t-i) 
(3.2.9) 
Fijst 二 如hi = j) 二 j|�2pi) 
一 Fr{st 二 职^-1) 
with Fr{st = = j) for i = 1,2 and j = 1,2 are the first 
order Markov chain switching probability in (3.2.4). P r ( 6 � = 
1) = Pi,t is the ex-ante probability given in (3.2.6). 
The use of conditional expectation of the lagged conditional 
variance Et-i[ht-i\st] instead of lagged conditional variance ht-i 
makes conditional variance at time t depends on only current 
regime St and inference about St-i- Therefore, the Klaassen's re-
combining method simplifies and makes tractable the estimation 
of MRS-GARCH models. 
Similar to (3.2.8), error terms et-i is given by 
St-i = n-i - Et-i[rt-i\st 二 i. 
(3.2.10) 
=rt-i — [pu,t-lfl^t-l,st-i = l + P2i,t-lf^t-l,st-i=2 
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The log-likelihood function for MRS-GARCH model can be 
written as 
T 
L = ;^ln[pi’,/(ri |<s* = l)-^P2,tf{rt\st = 2)] (3.2.11) 
t=i 
where f{-\st = i) is the conditional distribution given that in 
regime i at time t. 
Given initial values for regime probabilities, conditional mean 
and conditional variance in each regime, the parameters of MRS-
GARCH model can be obtained by maximizing numerically the 
log-likelihood function given in Equation (3.2.11). The log-likelihood 
function is constructed recursively similar to that in a single 
regime GARCH models. 
In MRS-GARCH model with two regimes, volatility forecast 
for k-step-ahead conditional on information available at time T — 
34 
CHAPTER 3. MODELS 
1 is as follows 
k k 2 A ^ A IT" ^ U 、八 
hr,T+k = hT,T+T = =职r-iV冲’r+T’s7>r=i 
r=l r二 1 
(3.2.12) 
where hT,T+k denotes the time T aggregated volatility forecast 
A 
for the next k steps, and /iT’r+T’6’7，+r二i indicates the r-step-ahead 
volatility forecast in regime i made at time T can be computed 
recursively 
hT,T+T,ST+r=i = ^0,2 + + A ) ^T [^T,T+r-l,i | St+t] (3.2.13) 
This provides us a straightforward expressions for the multi-step-
ahead volatility forecasts that can be calculated recursively as in 
standard GARCH models. 
The specification of Klaassen will be used in the model com-
parison. It has mainly two advantages over that of Gray. First 
one is tha t , when integrating out the previous regime (st-i) , 
Klaassen's specification uses the information up to time t — 1 
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and regime variable St while Gray's specification uses the infor-
mation up to time t — 2 and regime variable St-i. So, Klaassen's 
specification makes use of more information. The second one is 
that Klaassen's specification allows a convenient recursive for-
mulation for multi-step ahead volatility forecast. 
• End of chapter. 
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Data and Descriptive Analysis 
4.1 Data 
We investigate the time-series behavior of two metal spot prices 
for aluminium and copper traded on the London Metal Exchange 
(LME). The data covers the period from July 1993 to September 
2009. The daily spot prices (in U.S. dollars per tonne) are ob-
tained from Datastream. From these, I construct weekly prices. 
The Wednesday values are used as the weekly spot price because 
they are the prices in the middle of weeks. 
Descriptive statistics are reported in Tables 4.1 and 4.2. As 
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Table 4.1: Descriptive Statistics for Log Price (In-Sample) 
Aluminium Copper 
Daily Weekly Daily Weekly 
Minimum 6.9261 6.9356 7.1844 7.1844 
Mean 7.2944 7.2938 7.5835 7.5828 
Maximum 7.6715 7.6715 8.0810 8.0692 
Standard Deviation 0.1271 0.1267 0.2351 0.2347 
Skewness -0.0780 -0.1109 0.4910 0.4872 
Kurtosis 3.0685 3.0864 1.9544 1.9513 
Table 4.2: Descriptive Statistics for Log Return (In-Sample) 
Aluminium Copper 
Daily Weekly Daily Weekly 
Minimum -0.0829 -0.1147 -0.1039 -0.1231 
Mean 0.0001 0.0007 0.0002 0.0008 
Maximum 0.0627 0.1010 0.0702 0.1348 
Standard Deviation 0.0110 0.0226 0.0142 0.0287 
Skewness -0.0801 -0.1165 -0.2537 0.1168 
Kurtosis 6.5954 4.8319 7.5719 5.2173 
the tables show, the mean returns are very small and positive for 
aluminium and copper. All return series display nonzero skew-
ness. According to Timmermann (2000), a necessary condition 
for the Markov switching process is that the series must have 
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nonzero skewness because of the different means in the states 
(例 + jji2). The kurtosises are much higher than the normal 
value of 3 indicating that fat-tailed distribution should be ap-
propriate in modelling the conditional distribution. These are 
similar to other financial returns. 
4.1.1 Unit Root and Stationary Tests 
The return series and thus the conditional mean have to be tested 
for stationarity before modeling the conditional variance with 
GARCH specification. As in literature, the unit root tests are 
commonly used for testing stationarity. One of the unit root tests 
is the Augmented Dickey-Fuller (ADF) test. After estimating 
the regression coefficient, if this coefficient is significantly smaller 
than 1, it means that the process is stationary; if it is close to 1, 
the process is a random walk. With a null hypothesis of existence 
of a unit root, a low p-value rejects the hypothesis. Only tak-
ing the null hypothesis to be random walk rather than station-
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ary, might have led to a bias in favour of unit-root-hypothesis. 
T h e K w i a t k o w s k i - P h i l l i p s - S c h m i d t - S h i n ( K P S S ) t e s t w i t h 皿 11 
hypothesis of existence of stationarity is also conducted. The 
results for these two tests are reported in Table 4.3. 
Table 4.3: Unit Root and Stationarity Tests on Log Return 
Aluminium Copper 
Daily Weekly Daily Weekly 
ADF Stat. -18.25 -11.44 -14.57 -6.3 
KPSS Stat. 0.2964 0.306 0.278 0.251 
The critical values for ADF and KPSS are -3.435, -2.864 and 
0.739, 0.463 at 1% and 5%, respectively. For all the returns 
series, we reject the null hypothesis of the ADF test, whereas 
we fail to reject the null hypothesis of the KPSS test. These 
indicate that all returns series are stationary. 
4.1 .2 Tests for Condit ional H e t e r o s k e d a s t i c i t y 
The use of GARCH models requires existence of ARCH effects 
in the residuals of a time series. A Lagrange Multiplier (LM) 
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test for ARCH effects can be constructed based on the regression 
equation (4.1.1). Prom Equation (3.1.2), the conditional variance 
of ARCH model can be represented in an AR(g) process for ef . 
Since £t has a zero mean, Vart-i{£) = Et^ilef] = ht, and let 
wt 二 e"^  - Et-i{ej) be a zero mean white noise process. Equation 
(3.1.2) can be rewritten in the following form: 
= ao + + . . . + + wt (4.1.1) 
This test is conducted under the null hypothesis of no ARCH 
effects thus a i = a2 = .•.二 a? = 0. The test statistic is given 
by 
LM 二 T . R r 二 � � � (4.1.2) 
where T is the sample size and R�is the sample multiple cor-
relation coefficient. The LM test statistic is asymptotically dis-
tributed as x^-
The null hypothesis of no ARCH effects was rejected since 
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Table 4.4: Lagrange Multiplier Test Results for Log Return 
Aluminium Copper 
Daily Frequency 279 (p=0.000) 821 (p=0.000) 
Weekly Frequency 77 (p-0.000) 135 (p=0.000) 
the p-value is zero which is far smaller than the conventional 5% 
significant level. The use of (G)ARCH models is valid. 
• End of chapter. 
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Empirical Results and 
Discussion 
The performances of five econometric models are covered in this 
chapter including GARCH-N, GARCH-t, EGARCH, GRACH-M 
and Klaassen's MRS-GARCH or MRS-GARCH for short. The 
in-sample goodness-of-fit statistics are used as model selection 
criteria. Furthermore, only the good in-sample fits do not nec-
essarily imply good forecast performances which practitioners 
are particularly interested in. Thus the out-of-sample forecast-
ing performance statistics will also be presented. The in-sample 
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period is from July 1993 to September 2004. The rest of the 
observations from October 2004 through September 2009 are re-
served for the evaluation of the out-of-sample performance. 
Quasi Maximum Likelihood (QML) method is used to esti-
mate the parameters of the Markov regime switching models. 
Parameters in the conditional mean and the conditional vari-
ance are estimated jointly with the objective to maximize the 
log-likelihood with the Broyden, Fletcher, Goldfarb, and Shanno 
(BFGS) quasi-Newton optimization algorithm provided by the 
MatLab numerical optimization routines^ 
5.1 In-Sample Statistics 
Table 5.1 shows the log-likelihood scores given by maximum like-
lihood estimation for each model with each data frequency. We 
can see that the log-likelihood scores increase as additional pa-
rameters are incorporated in the models. The MRS-GARCH 
II am grateful to Marcucci (2005) for the MatLab codes for MRS-GARCH models's 
parameters estimation and forecast. 
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Table 5.1: Log-Likelihood Scores for Model Comparison 
Aluminium Copper 
Model Daily Weekly Daily Weekly 
GARCH-N 12601 1858 8477 1261 
GARCH-t 12620 1869 8489 1264 
EGARCH 12614 1861 8489 1263 
GARCH-M 12610 1865 8483 1262 
MRS-GARCH 12671 1896 8529 1304 
model has the largest log-likelihood scores for both aluminium 
and copper and for both frequencies. The increases in the log-
likelihood scores originated from the regime switching feature 
are quite significant comparing with other single regime GARCH 
models. Then the GARCH models with student's t innovations 
produced the second large log-likelihood. And the GARCH mod-
els with normal innovations produced the least log-likelihood 
among the competing models. 
The maximum likelihood parameter estimates for different 
models under both data frequencies are presented in Table 5.2 -
5.6. Standard errors are in parentheses. 
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Table 5.2: Maximum Likelihood Estimates of GARCH-N model 
Aluminium Copper 
Daily Weekly Daily Weekly 
^ -0.00007 -0.00008 0.00027 0.00083 
(0.00016) (0.00081) (0.00024) (0.00117) 
q;o 0.00005 0.00003 0.00001 0.00024 
(0.00001) (0.00001) (0.00000) (0.00009) 
a i 0.08756 0.06887 0.09896 0.11125 
(0.00571) (0.01150) (0.00706) (0.03601) 
A 0.88790 0.90165 0.86210 0.85573 
(0.00777) (0.02212) (0.01192) (0.14218) 
According to Tables 5.2 - 5.5, almost all parameter estimates 
excepting are significant at 5% significance level. The fat-tailed 
distribution assumption outperforms the distribution assump-
tion for Gaussian errors in terms of log-likelihood score. Such 
fat-tail property is common in the commodity market. Moreover, 
the degrees of freedom for Student's t distribution are greater 
than 5，showing that all the conditional moments up to the fifth 
order exist. The conditional kurtosis of the Student's t distribu-
tion is given by 3 0 — 2)/{iy - 4). Consequently, the conditional 
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Table 5.3: Maximum Likelihood Estimates of GARCH-t model 
Aluminium Copper 
Daily Weekly Daily Weekly 
fi -0.00021 -0.00010 -0.00001 0.00020 
(0.00015) (0.00078) (0.00022) (0.00110) 
Qo 0.00003 0.00003 0.00007 0.00019 
(0.00001) (0.00002) (0.00002) (0.00013) 
a i 0.07256 0.04066 0.06411 0.08103 
(0.00981) (0.01657) (0.01129) (0.04468) 
Pi 0.90650 0.90912 0.90010 0.68144 
(0.01200) (0.03856) (0.01769) (0.19537) 
ly 5.29660 5.82704 5.76268 6.87876 
(0.41721) (1.08874) (0.59985) (1.87320) 
kurtosis are over 5. 
In Table 5.4, the asymmetry effect terms 7 are significantly 
different from zero for both metals at each frequency. These 
indicate unexpected negative returns imply higher conditional 
variance compared to positive returns. In Table 5.5, the pa-
rameter of S are significant for both metals at each frequency 
indicating higher volatilities resulting higher returns. 
The degree of volatility persistence for GARCH-N, GARCH-t 
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Table 5.4: Maximum Likelihood Estimates of EG ARCH model 
Aluminium Copper 
Daily Weekly Daily Weekly 
fi -0.00014 0.00041 0.00029 0.00071 
(0.00015) (0.00023) (0.00087) (0.00118) 
ao -0.46675 -0.45320 -0.49826 -1.44502 
(0.03620) (0.05366) (0.11792) (0.67417) 
a i 0.14943 0.12776 0.13416 0.17673 
(0.00915) (0.00972) (0.02963) (0.05646) 
0.96071 0.95910 0.95623 0.95614 
(0.00350) (0.00564) (0.01372) (0.08996) 
7 -0.04501 -0.09749 -0.41117 -0.14627 
(0.03740) (0.05553) (0.12805) (0.12612) 
and GARCH-M are the sum of ARCH and GARCH parameters 
estimates (i.e., ai + /3i). For EG ARCH, the persistence is equal 
to Pi only. The degrees of volatility persistence for all these 
models are high as all of them exceed 0.95 and some of them are 
even close to one which displays strong persistence in volatility 
showing the volatilities are likely to remain high over several 
future periods once increased. However the high sum of ARCH 
and GARCH parameters may also point at parameter instability 
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Table 5.5: Maximum Likelihood Estimates of GARCH-M model 
Aluminium Copper 
Daily Weekly Daily Weekly 
0.00029 0.00751 0.00131 0.00263 
(0.00033) (0.00228) (0.00058) (0.00497) 
ao 0.00031 0.00054 0.00067 0.00719 
(0.00004) (0.00019) (0.00009) (0.00316) 
0.07747 0.05665 0.09360 0.11619 
(0.00495) (0.00982) (0.00662) (0.03460) 
0.91617 0.93500 0.88240 0.65612 
(0.00595) (0.01312) (0.00968) (0.13130) 
3.34163 13.05752 5.92656 12.19662 
(0.24647) (4.07946) (3.23405) (6.35319) 
due to regime shifts in the volatility process, for example caused 
by the economic boom or recession. 
To gain flexibility regarding volatility persistence, the regime 
switching GARCH models allowing for two regimes with different 
volatility levels are tested. 
Table 5.6 reported the parameter estimates of regime switch-
ing GARCH model. Most parameter estimates are significantly 
different from zero at 95% confidence level. The conditional 
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Table 5.6: Maximum Likelihood Estimates of MRS-GARCH model 
Aluminium Copper 
Daily Weekly Daily Weekly 
111 -0.03357 -0.07180 0.01909 0.09178 
(0.017) (0.093) (0.025) (0.096) 
fi2 0.19419 0.79429 0.07397 0.10360 
(0.068) (0.613) (0.108) (0.153) 
ao，i 0.16459 1.54778 0.20635 3.40836 
(0.026) (0.357) (0.053) (0.483) 
ao,2 0.90321 3.06994 1.41559 5.01208 
(0.127) (0.897) (0.342) (0.914) 
ai，i 0.00029 0.00018 0.00016 0.00005 
(0.023) (0.045) (0.025) (0.075) 
q;i,2 0.00649 0.00315 0.02250 0.04179 
(0.022) (0.090) (0.039) (0.057) 
�i，i 0.56549 0.52435 0.58940 0.54656 
(0.033) (0.193) (0.040) (0.062) 
/3I’2 0.92585 0.92996 0.90942 0.89108 
(0.023) (0.099) (0.077) (0.128) 
p 0.97112 0.97021 0.97220 0.97199 
(0.011) (0.012) (0.014) (0.015) 
q 0.98944 0.98071 0.98505 0.98278 
(0.038) (0.060) (0.071) (0.081) 
TTi 0.26767 0.39304 0.34971 0.38071 
7r2 0.73233 0.60696 0.65029 0.61929 
Pi 0.56578 0.52453 0.58956 0.54661 
P2 0.93234 0.93311 0.93193 0.93287 
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mean estimates in both volatility regimes with normal distri-
butions are insignificant. The ARCH parameters a i are also 
insignificant. 
To check the existence of different volatility regimes, we can 
compute the unconditional variances in each volatility regime 
which are obtained by ao,st/(l — — The estimates 
confirm the existence of two regimes: the first regime is charac-
terized by a low volatility and the second regime is characterized 
by a high volatility. The unconditional variance of high volatil-
ity regime is about ten times higher than that of low volatility 
regime. These big differences between variance of each regime 
show the need of volatility models that allow for different volatil-
ity regimes. 
Although the mean returns are not statistically significant in 
either state, the expected conditional mean return is lower in 
the low volatility regime than in the high volatility regime. This 
is consistent with the high return associated with high risk. In 
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addition, the long term volatility level depends on the estimates 
of constant parameter The results show that there are 
big differences between parameter estimates of each volatility 
regime. The short run dynamics of volatility is determined by the 
parameter ai^st and Pi^sf Comparing the low and high volatility 
regimes, the low volatility regime have lower estimate and 
Pi^ s^  estimates than the high volatility regime. 
The degree of volatility persistence indicates by ps^ 二 ai’s, + 
jSi^ sf The degree of volatility persistence within low volatility 
regime is lower compared to that within high volatility regime. 
Moreover, the transition probabilities from regime 1 to regime 
1 (i.e., p) and from regime 2 to regime 2 (i.e., q) are highly 
significant and close to one showing that almost all regimes are 
particularly persistent. If the single regime specification is more 
appropriate, the transition probabilities should be close to 0.5. 
Whereas the results show a different case indicating the regime 
switching model is more suitable. The unconditional transition 
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probabilities tti and 112 of being in low and high volatility regimes 
are calculated and presented in Table 5.6. 
Comparing the volatility persistence of single regime GARCH 
model with regime switching GARCH model, even the higher 
persistence values within both regimes is considered, it is ob-
served that the high persistence in the former model is reduced 
by latter model. The results also indicate that the single regime 
GARCH specification that all shocks are highly persistent needs 
to be refined. Shocks that occur in periods of low unconditional 
volatility are less persistent, but shocks in periods of high un-
conditional volatility can be persistent. Hence, volatility persis-
tence varies over time and is not constantly high as single regime 
GARCH suggests. The results provided an empirical motivation 
for the use of a regime switching model that allows for different 
variance dynamics across regimes. Moreover, the GARCH dy-
namics for the high-volatility regime are less pronounced than 
implied by the single-regime GARCH model. It again indicates 
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the usefulness of regimes to explain part of the volatility cluster-
ing. 
5.2 Forecasting Performance 
The Markov regime switching GARCH model discussed in the 
previous section reveals strong evidence of regime shifts, and 
weaker autoregressive conditional heteroskedasticity effects af-
ter accounting for abrupt changes in volatility. As the model 
involves many parameters, to address the possible concern of 
over-parameterization or over-fitting using a more comprehen-
sive framework to evaluate the performances of the competing 
models as in most of the literature, apply the conventional statis-
tical loss functions on the model's ability to adequately predict 
out-of-sample data. 
For both aluminium and copper, the comparison starts from 
the various single-regime GARCH models. Secondly, the single-
regime GARCH models will be compared with the Markov regime 
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switching GARCH model. 
5.2.1 Results of Statistical Loss Functions 
The out-of-sample data is constructed from a data set of size 
T -{- K. The last K observations at the end of the data set is 
used as the corresponding forecasting horizon. The initial part 
with size of T is used to estimate the model parameters for each 
model. Next, based on the estimated parameters, we project a 
time series of one-step-ahead forecast for the period T + 1 which 
is denoted 111(^^+117). The T + 1 forecast error is computed by 
comparing \n{YT+i\r) and ln(yT+i)- Since the forecast results 
will be compared for different periods, the fixed-size rolling win-
dow sampling method is chosen to maintain the fairness. Thus, 
after the T + 1 observed valued of the dependent variable is 
added to the sample, the first observation of the sample in last 
iteration is dropped to fix the sample size. The model is then 
re-estimated to obtain a new set of parameters. These new pa-
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rameters are used for forecasting the T + 2 observation which 
A 
is denoted ln(F7^+2|T+i)- The T + 2 forecast error is computed 
in the same way as previous one. The process will repeat until 
the end of the forecast horizon with a total of K observations is 
reached. 
The best forecast model is the model that produces the small-
est forecasting errors. Statistical loss functions will be used to see 
how close the forecasts to their target and compare forecasting 
performance of challenging models. In the literature, two pop-
ular statistical loss functions are the Mean Square Error (MSE) 
and the Mean Absolute Error (MAE): 
1 r l2 
MSE = HyTU\T-,k-i) - Hyr+k) (5.2.1) 
1 K 
MAE = - Y , 呕 1 ) — hC^T+fc) (5.2.2) 
k=i 
MSE uses a quadratic penalty for forecast errors whereas the 
MAE uses a linear penalty. 
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Results are presented in two different data frequency: daily 
frequency and weekly frequency. High-frequency data may con-
tain excessive noise whereas the low-frequency data may discard 
useful information. For each frequency, out-of-sample one-step-
ahead dynamic forecasts are conducted and the minimum MSE 
and MAE are shown in bold. 
Table 5.7 to Table 5.8 show the results of spot price forecasting 
using the models discussed in Chapter 3. The overall ranking 
in terms of the statistical loss functions for the models covered 
in this thesis are listed as following: the MRS-GARCH model 
ranks at the first place, the GARCH-t and EGARCH take the 
second and third in the ranking respectively. However there is 
no clear cut between the GARCH-N and the GARCH-M models. 
For most of the cases, the forecasting performance improves as 
the model getting more complicated which means the number of 
parameters increased. 
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forms all other single regime GARCH models in all the cases. 
Comparing the forecasting error of the GARCH with leptokur-
tic and normal innovation, the performance of former improves 
around 2% to 15%. The forecasting difference of these two is 
larger in the forecasting period of year 2008-2009 than the rest 
two periods indicating the leptokurtic effect is more prominent 
during the financial crisis. 
The EGARCH model outperforms the GARCH-N model in 
all the cases. The general improvements range from 1% to 13%. 
This improvement attributes to the EGARCH model with a ca-
pability in capturing the asymmetric effects existed in the volatil-
ity. 
Incorporating the regime switching into GARCH model de-
creased the forecast error. The forecasting result for the MRS-
GARCH with two-state is much better than the single regime 
GARCH-N model. The performance improvement ranges be-
tween 22% and 57%. There are significant improvements for two 
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regimes already. To show the effect of regime switching, we just 
used the two regimes as an example in our empirical studies. Of 
course, we can extend it to more regimes but this is not within 
the scope of our research. 
For both metals in all the data frequencies, the forecasting 
errors decrease as the out-of-sample period increase. This finding 
is quite intuitive. During the volatile period of year 2008-2009, 
which covers the financial crisis, the errors of the forecasting 
models should be larger due to the increasing occurrences of 
abrupt change. In other forecasting periods with three-fold and 
five-fold out-of-sample size, the impact of the financial crisis was 
diluted thus lowered the forecast errors. 
For all the models, the forecasting error increases as the data 
frequency decreases. Since the changes are more violent as the 
distances between observations increase and less information is 
available within the training data set. 
The figures visualizing the forecast results from the aforemen-
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tioned models are show in Appendix A. 
Up to this point, we evaluated the forecasting performance of 
models in terms of statistical loss functions which provided us 
conceptual ideas. Some decent statistical tests can be used to 
confirm the relative differences between the forecasting perfor-
mances of the models. 
5.3 Tests of Equal Predictive Ability 
The forecasting errors or accuracy can be measured by the sta-
tistical loss function mentioned in the previous section. On top 
of it, to further investigate whether the small difference among 
each model's performance is statistically significant, a pairwise 
test can be employed. 
5.3.1 Diebold-Mariano Test 
Diebold and Mariano (1995) developed a test for checking the 
equal predictive ability of two competing models each time and 
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decide which one is better. The Diebold-Mariano (DM) test 
is designed as follows: Let {eA,t}J=i and {eB,t}J=i denote the 
sequence of forecast errors of from model A and model B. Under 
the loss function g{-) (it can be the MSE, MAE or others), the 
loss differential between two competing forecasts is defined as 
dt = g{eA,t) — g(eB,t), t = l,2,,..,T 
The null hypothesis is that models A and B are of equivalent pre-
dictive ability, is tested against the alternative hypothesis that 
model A is of superior predictive ability. These are formulated 
as 
Ho ： B(dt) 二 0, Hi : E{dt) < 0. 
If {dt}J^i is covariance stationary and has a short memory, Diebold 
and Mariano (1995) show that the sample mean loss differential 
d = ^ YlJ=i dt is asymptotically normally distributed and the 
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Diebold-Mariano test statistic is 
sDM = 二 ^ 1) 
V ^ ( ^ ) yjL^d/T 
where LRVd is a consistent estimate of the asymptotic (long-run) 
_ ^ ^ h-l 
variance of \/T(i(i.e., L R V j = Y^ % 7j = cov((i“ dt—j)= 
E {dt - d){dt-j - d)). 
t=j+i 
5.3.2 Results of DM Test 
DM test is applied to compare every alternative model with 
the benchmark model. Here we will only present the Diebold-
Mariano test statistics and the p-values when the selected bench-
mark is the MRS-GARCH model which is considered to be the 
best models based on the statistical loss functions. The bench-
mark model is set to be model A The negative sign in the DM 
statistic indicates the forecasting error from the benchmark is 
smaller then alternatives. 
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Table 5.9: DM Test for Aluminium Spot Price 
(Benchmark: MRS-GARCH) 
Daily Frequency 
Out-of-sample Period 2008-2009 2006-2009 2004-2009 
MSE MAE MSE MAE MSE MAE 
GARCH-N -9.36 -10.88 -8.25 -11.26 -6.13 -7.69 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-t -3.02 -3.40 -3.23 -3.61 -2.35 -4.26 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
EGARCH -4.33 -4.15 -3.98 -4.21 -3.19 -4.87 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-M -5.89 -7.24 -4.67 -5.23 -4.36 -5.18 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
Weekly Frequency 
Out-of-sample Period 2008-2009 2006-2009 2004-2009 
MSE MAE MSE MAE MSE MAE 
GARCH-N -10.39 -12.30 -8.66 -10.12 -7.20 -8.24 
jy-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-t -3.47 -4.38 -3.79 -4.12 -3.13 -3.27 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
EGARCH -4.76 -5.29 -3.86 -5.23 -3.40 -4.67 
values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-M -8.20 -10.39 -7.38 -8.03 -6.45 -7.29 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
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Table 5.10: DM Test for Copper Spot Price 
(Benchmark: MRS-GARCH) 
Daily Frequency 
Out-of-sample Period 2008-2009 2006-2009 2004-2009 
MSE MAE MSE MAE MSE MAE 
GARCH-N -8.82 -9.39 -8.30 -10.34 -6.44 -8.39 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-t -3.12 -3.76 -3.08 -3.51 -2.95 -3.02 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
EGARCH -5.28 -7.92 -5.15 -7.22 -4.89 -6.29 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-M -8.52 -11.21 -7.71 -10.19 -6.39 -9.86 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
Weekly Frequency 
Out-of-sample Period 2008-2009 2006-2009 2004-2009 
MSE MAE MSE MAE MSE MAE 
GARCH-N -10.96 -15.39 -7.91 -10.68 -6.26 -9.28 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-t -4.92 -5.73 -4.73 -5.93 -4.71 -5.26 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
EGARCH -6.20 -8.39 -5.64 -7.61 -5.18 -6.45 
p-valiies 0.00 0.00 0.00 0.00 0.00 0.00 
GARCH-M -10.40 -16.69 -8.54 -11.31 -7.50 -10.96 
p-values 0.00 0.00 0.00 0.00 0.00 0.00 
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Tables 5.9 - 5.10 reported the DM test statistic and the p-
values while the MRS-GARCH model is setting to the bench-
mark for both aluminium and copper in different forecast pe-
riods. The null hypothesis of equal forecast ability is rejected 
for these models at 99% confidence interval when comparing in 
pairwise with the benchmark indicating it is significantly out-
performs all the single regime models at the usual confidence 
level. 




Metals prices are playing a crucial role in company's strategic 
plans and commodity-related investments. Understanding the 
time series properties of such prices is important for manufac-
tures and investors as well as hedgers. Existing studies focus 
mainly on volatility of commodity futures and rely on GARCH-
type models. However, single regime GARCH models are not 
robust during the circumstance that regime shifts are exist in 
the volatility process. 
In this thesis, we model and forecast the conditional volatility 
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of daily and weekly spot price returns on the two representa-
tive industrial metals, aluminium and copper. On top of some 
standard single regime GARCH models such as the GARCH-N, 
GARCH-t, EGARCH and GARCH-M, a regime switching spec-
ification is used to capture the complex time series properties 
of the conditional volatility. The regime switching specification 
enriches the flexibility of the single regime models. This feature 
solved the problem that standard single regime GARCH models 
imply too high degree of volatility persistence in volatile periods. 
This specification allows for rapid change in the returns series 
mean and variance under GARCH dynamics. This flexible mod-
elling framework enables us to assess the relative importance of 
rapid change in volatility comparing with GARCH effects. This 
is important since regime shifts and GARCH have different im-
plications on the forecast ability of conditional volatility. 
We examined the data with a regime switching specification 
and found two distinct regimes with noticeably different be-
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haviour in the aforementioned data series. Accounting for the 
regime shift in all the parameters of the first two moments of 
the conditional distribution with GARCH effects gives a bet-
ter in-sample fit. The present of multiple regimes in GARCH 
does outperform the GARCH with only one regime. Whilst the 
regime switching model involves many parameters, forecast per-
formances are assessed to check the robustness of the specifi-
cations. The out-of-sample forecasting results in terms of sta-
tistical loss function evaluation show that the regime switching 
GARCH model seems to be the best among the competing mod-
els. The forecasting errors of different models undergo the equal 
predictive ability test. The results show that the difference are 
significant thus the regime switching model performs better in 
comparison to the single regime ones. 
Therefore, two main results have emerged from this thesis. 
First, confirmed the excessive degrees of volatility persistence 
can be reduced by the regime switching framework. Second, 
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the regime switching models with GARCH effects do outperform 
standard GARCH in predicting prices under the statistical loss 
functions. 
Possible fruitful directions for future research may include 
(i) allowing for more distributional assumptions and regimes to 
better capture the complexities of different metals; (ii) examin-
ing the implications on hedging the risk in commodity markets 
through futures; (iii) including other measures of economic ac-
tivity indicators. 
• End of chapter. 
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Forecasts from the Models 
Figure A.l: Aluminium Spot Price Movement, Daily Frequency 
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Figure A.2: Aluminium Spot Price Movement, Weekly Frequency 
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Figure A.3: Copper Spot Price Movement, Daily Frequency 
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